Aimed at reducing simulation uncertainty of hydrological models in data-sparse basins where soil hydraulic data are unavailable, a method of estimating soil water parameters of soil and water assessment tool (SWAT) from readily available soil information using pedotransfer functions was introduced. The method was evaluated through a case study of Jinjiang Basin, China and was performed based on comparison between two model calibrations: (1) soil parameters estimated from pedotransfer functions and other parameters obtained from calibration; and (2) all parameters derived from calibration. The generalized likelihood uncertainty estimation (GLUE) was used as a model calibration and uncertainty analysis tool. The results show that information contained in streamflow data is insufficient to derive physically reasonable soil parameter values via calibration.
INTRODUCTION
Hydrological models that simulate water balance dynamics at river basin scale are indispensable for solving many engineering and environmental problems related to water (Merz & Blöschl ) . With recent progress in geographic information system (GIS) and remote sensing technology, distributed models, which are more heavily parameterized for detailed spatial and temporal heterogeneity, are commonly used to provide decision support information to integrated water management (Sivapalan ) . One challenge to use distributed hydrological models is minimizing prediction uncertainty, which depends on the complexity of model structure, the degree to which processes are abstracted or detailed, and the randomness of natural processes (Melching ) . As a key component of the terrestrial water cycle, the state of soil water is a dominant control on runoff generation (Pietroniro et al. ) . Correspondingly, soil information is considered critical input data to hydrological modeling (Mukundan et al. ; Bossa et al. ) . In this context, the derivation of soil parameter values that reasonably reflect basin properties is crucial for reducing uncertainty in model simulation.
The soil and water assessment tool (SWAT; Arnold et al. neprashtechnology.ca). This approach facilitates the model application in basins without detailed soil information. However, there are some limitations. Firstly, most hydrological models are overparameterized with respect to the limited soil information content in the streamflow records that are used for calibration (Beven & Binley ) . Such an approach increases the number of parameters being calibrated, which could make the problem even worse, as the same information is used to calibrate more parameters. Secondly, the soil parameters in the SWAT model have explicit physical meaning.
Nevertheless, automatic calibration procedures are purely numerical processes that seek to optimize the value of an objective function (Duan et al. ) . The question that needs to be addressed here is whether the numerically optimized parameter sets can reflect the soil hydraulic properties in the target basin.
Extensive knowledge of soil water and its variability with soil characteristics has been gained in soil science research Although this scheme may yield more physically sound estimates of soil parameters than the numerically optimal values obtained from automatic calibration, spatial variability in hydraulic characteristics and model errors from pedotransfer functions may introduce their own uncertainty to model simulation. In many cases, field survey data of soil hydraulic characteristics are unavailable, which makes it impossible to evaluate error associated with pedotransfer functions. When applying hydrological models to decision making in water resource management and planning, hydrological simulation uncertainty is always a major concern (Sellami et al. ) . Considering the aforementioned issues, in this study the evaluation is focused on analyzing changes of such uncertainty when using the pedotransfer functions.
A case study was carried out for Jinjiang Basin, China.
The evaluation was performed through a comparison, using soil parameter values obtained from an automatic calibration based on hydrological data. We conducted two calibrations for SWAT modeling of Jinjiang Basin. The first was considered a benchmark calibration. All model parameters, including soil parameters, were calibrated against streamflow data using an automatic calibration method. In the second, the soil parameters were specified by the proposed method, whereas the other model parameters were calibrated against streamflow data using the same automatic calibration method. Such comparison is difficult, because the calibration result is not only determined by calibration data but by set- The SWAT model and study basin are introduced in the next section, followed by the approach to estimate soil water characteristics from pedotransfer functions. Then, evaluation strategies are described. Finally, feasibility of the proposed approach is discussed and conclusions drawn.
MATERIALS AND METHODS

Model description
The SWAT model is a continuous (daily-step) distributed model that simulates hydrological processes, fate and transport of sediment and pollutants within a basin. Based on a digital elevation model (DEM), the basin is discretized into a number of subbasins. Then each sub-basin is further divided into several unique hydrological response units, according to differences in soil and land use. For simulation of hydrological processes in the land phase, the SCS curve number method is used to compute generated runoff volume, and channel flow is routed using the Muskingum or variable storage methods. Soil information needed by SWAT can be separated into two groups. First are physical properties such as soil particle size distribution and soil hydraulic characteristics. The second are chemical properties such as initial NO 3 concentration and soluble phosphorus, P. We focused on the estimation of three key soil hydraulic parameters: available water capacity (SOL_AWC), saturated hydraulic conductivity (SOL_K), and bulk density (SOL_BD), which are indexed to soil texture and organic matter.
The basin and data availability
Jinjiang is a coastal basin on the west side of the Taiwan Strait. The entire basin area is within the city of Quanzhou in Fujian Province, China. The river has two major tributaries, the Xixi and Dongxi, which join at Shuangxikou.
Basin area is 5,629 km 2 , which embraces a mountainous area in the northwest and a low plain in the southeast. soil.csdb.cn). Soil property data were also acquired from CSSD and contain soil particle distribution and chemical properties for soil profiles all across China.
Soil data preprocessing
Preprocessing for soil data is necessary for both SWAT mod- percentage) and 1,500 kPa θ 1500 (volumetric percentage), respectively:
To obtain θ 33 , an intermediate value θ 33t is computed based on a relationship derived from a multivariable linear analysis:
where S and C are volumetric percentages of sand and clay, and OM is the percentage of organic matter on a weight basis. To compensate the situation in which some variables may not be linearly correlated with the dependent variables, θ 33t is corrected based on a relationship derived from a second regression analysis:
θ 1500 is estimated via a two-step method similar to θ 33 , with an intermediate value θ 1500t : 
SOL K
Hydraulic conductivity is a nonlinear function of volumetric soil water content (Rawls et al. ) . In this study, SOL_K (mm/hr) was computed from a power function of moisture held at low tensions:
where θ s is soil moisture at 0 kPa tension (saturation) and λ is slope of the logarithmic tension À moisture curve. θ s is computed based on soil moisture at tension 0 À 33 kPa θ (SÀ33) (volumetric percentage), θ 33 , and S:
θ (SÀ33) is estimated in a two-step method similar to θ 33 , with an intermediate value θ (SÀ33)t :
The slope of logarithmic tension À moisture curve λ is computed as
SOL BD SOL_BD is estimated from θ s , assuming particle density 2.65 (g/cm 3 ):
In summary, to estimate the three soil parameter values, S, C and OM of each soil type in Jinjiang Basin are needed.
These input data are acquired from the preprocessed soil data. Soil characteristics were estimated by SPAW software (http://hrsl.ba.ars.usda.gov/SPAW/Index.htm). Estimated parameter values are listed in Table 2 .
Evaluation strategy
Effectiveness of the proposed soil parameter estimation method was assessed based on performance of SWAT hydrological simulation in the target basin. Table 3 describe soil hydraulic characteristics. As three soil types were involved in SWAT simulation, a total of nine soil parameters (three soil types × three soil parameters)
were addressed. Two model calibrations were executed. In the first calibration, all the aforementioned 19 parameters (i.e., first ten parameters in Table 3 and the nine soil Then, an ensemble simulation is run using all behavioral parameter sets. One advantage of GLUE is that a modeler's subjective options are made explicit and the suitability of any one can be examined (Beven & Freer ) . For the two calibrations in our study, all settings for GLUE implementation were made the same, except that the calibrated parameters were different. This permits the differences in model simulations results purely from the different approaches to specify soil parameters. GLUE was implemented for CAL_19 as follows.
1. Generate random samples from the entire parameter space. Random parameter sets were generated using the Latin hypercube sampling method, assuming the a priori parameter distribution to be uniform, which is a common assumption when parameter distribution information is unavailable (e.g., Beven & Freer ;
Hailegeorgis & Alfredsen ). Initial ranges of the model parameters are specified in Table 3 . For CAL_19, one parameter set includes one randomly generated value for each of the 19 parameters calibrated. In total, 10,000 parameter sets were generated.
Calculate likelihood values of each parameter set and
select behavioral ones. Every set was input to SWAT for model simulation. The degree to which a parameter set could reflect basin reality was assessed through evaluation of streamflow simulation at basin outlet. The NashSutcliffe model efficiency coefficient (NSE) was selected as the likelihood measure:
where Q obs,i (m 3 /s) and Q sim,i (m 3 /s) are observed and simulated streamflows at Shilong station for time step i, and Q obs,avg (m 3 /s) is the average observed streamflow for the simulation period. The threshold for rejecting parameter sets as non-behavioral ones was 0.7, which means that parameter sets for which NSE reached 0.7 were retained for ensemble simulation. 
where P t (Q t < q) is the cumulative probability of predicted streamflow Q t less than arbitrary value q at time step t, L p [θ i ] is the posterior likelihood of parameter set θ i for which the prediction at t Q t,i is less than q, and m is the total number of parameter sets satisfying the condition Q t,i < q. From this cumulative probability distribution, a lower 2.5% and upper 97.5% quantile of simulated streamflow were obtained at every t. These 95% simulation intervals for all time steps form the uncertainty band of ensemble simulation.
For CAL_10, before calibration, the nine soil parameters were estimated by pedotransfer function. Then, the same 10,000 combinations of randomly generated values for the remaining ten parameters (first ten parameters in Table 3) were used as parameter sets for the application of GLUE.
Other settings of GLUE are same as CAL_19. The differences of deriving model parameters in CAL_19 and CAL_10 are also described in Table 4 .
The model was calibrated using hydrological data from Simulation uncertainty was quantified by combination of two indices. The P-factor is the percentage of observations embraced by the 95% prediction intervals. The R-factor is a measure of the average width of the 95% prediction intervals:
Here, Q 97.5%,i and Q 2.5%,i are the 97.5 and 2.5% quantiles of simulated streamflow at time step i, m is the total time step of simulation, and σ Qobs is the standard deviation of streamflow observations. A larger P-factor accompanied by a smaller R-factor indicates less simulation uncertainty.
The comparison between the two calibrations, i.e., the two soil parameter estimation strategies, was done based on these indices.
RESULTS AND DISCUSSION
Posterior distributions of soil parameters in CAL_19
Apart from the input-output behavior of the model, exploring parameter space response to change of the soil parameter estimation method is valuable. This is because whether the identified parameters could reflect basin reality is critical if the model is expected to estimate the effects of perturbations to the structure of the hydrological system Comparison of simulation uncertainty between CAL_19
and CAL_10
As observations of soil water state variables are unavailable for Jinjiang Basin, effectiveness of the proposed soil hydraulic parameter estimation method was evaluated according to the performance of ensemble streamflow simulation, which is a temporally and spatially integrated indicator of basin hydrological behavior. The ensemble simulations and corresponding model performance criteria of CAL_10 and CAL_19 for the calibration period are shown in Figure 4 and Table 5 . It is evident that variations in the observed hydrograph were reasonably reproduced by ensemble simulations and the best performances of ensemble simulations corresponding to the two calibrations are satisfactory, judging from NSE. Meanwhile, the best performance of CAL_10 was superior to CAL_19. Judging from P-factor and R-factor values, 8% more observations were included by the uncertainty band of CAL_10, and its width was narrower than that of CAL_19. Similar results were obtained for the validation period, as demonstrated in Figure 5 and Table 6 ; the NSE of best performance was greater for CAL_10. In this case, 25% more observations were covered by the uncertainty band of CAL_10, with a narrower width than CAL_19. All these findings indicate that simulation uncertainty of CAL_10 is less than that of CAL_19.
Possible reasons for reduction of simulation uncertainty
To explore the reason for reduction of simulation uncertainty when using pedotransfer functions, it is valuable to investigate NSE distributions of streamflow simulations produced by behavioral parameter sets identified in CAL_19
and CAL_10. Figure 6 depicts histograms of NSE values for the calibration period. It is revealed that compared with CAL_19, the NSE value corresponding to the distribution peak for CAL_10 is larger, and that number of parameter sets within the large-value range (NSE > 0.8) of the x-axis is greater. From this, it is clear that better average performance of behavioral parameter sets reduced simulation uncertainty for CAL_10. Applying behavioral parameter sets to the validation period and then computing the NSE of each set based on the difference between observed and simulated streamflow, we derived NSE distributions for the two calibrations ( Figure 7 ). It is understandable that the variation in performances of behavioral sets was greater and average performance was poorer than that of the calibration period, because streamflow data for the validation period were not used in model calibration. Differences between the two distributions in Posterior distributions of the ten parameters calibrated in both CAL_10 and CAL_19 were compared. GLUE settings were exactly the same except for the number of calibrated parameters. Therefore, it is understandable that the differences in the distributions of each parameter resulted from the approach to specify soil parameters. The posterior distributions of ALPHA_BF, GW_DELAY, GWQMN, GW_REVAP, ESCO and SFTMP (Table 3) for both cases are uniform. Visually detectable differences were observed for parameters identified as sensitive in CAL_19, i.e., CH_N2, CH_K2, ALHPA_BNK and CN2 Constraints of the two calibrations on parameter space were further explored from the standpoint of parameter correlation. Ideally, model parameters are assumed to be mutually independent. However, parameter correlation is usually found in hydrological modeling and can be a source of modeling uncertainty (Blasone & Vrugt ) .
Therefore, examining parameter correlation can help to 
CONCLUSIONS
This study examined the value of specifying three soil hydraulic parameters in the SWAT hydrological model through estimation from soil texture and organic matter using pedotransfer functions. Considering that the method was designed for use in basins where field survey data of soil hydraulic information are unavailable, the evaluation was accomplished through a comparison with calibrating soil parameters together with other model parameters using streamflow data. The calibrations were carried out using the GLUE scheme for avoiding the influence of the automatic calibration method itself on model simulation. In the case study, from posterior parameter distributions, it was shown that the 
